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Abstract 9 

Understanding drug-drug interaction is an essential step to reduce the risk of adverse 10 

drug events before clinical drug co-prescription. Existing methods commonly integrate 11 

multiple heterogeneous data sources to increase model performance but result in a high 12 

model complexity. To elucidate the molecular mechanisms behind drug-drug 13 

interactions and reserve rational biological interpretability is a major concern in 14 

computational modeling. In this study, we propose a simple representation of drug 15 

target profiles to depict drug pairs, based on which an l2-regularized logistic regression 16 

model is built to predict drug-drug interactions. In addition, we develop several 17 

statistical metrics to measure the communication intensity, interaction efficacy and 18 

action range between two drugs in the context of human protein-protein interaction 19 

networks and signaling pathways. Cross validation and independent test show that the 20 

simple feature representation via drug target profiles is effective to predict drug-drug 21 

interactions and outperforms the existing data integration methods. Statistical results 22 

show that two drugs easily interact when they target common genes, or their target 23 

genes communicate with each other via short paths in protein-protein interaction 24 

networks or through cross-talks between signaling pathways. The unravelled 25 
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mechanisms provide biological insights into potential pharmacological risks of known 26 

drug-drug interactions and drug target genes. 27 

Keywords drug-drug interaction; drug-target interaction; machine learning; protein-28 

protein interaction networks; signaling pathways 29 

Introduction 30 

Drug-drug interactions (DDIs) have been recognized as a major cause of adverse drug 31 

reactions (ADRs) that leads to increasing healthcare costs [1]. DDIs may occur 32 

synergistically or antagonistically and potentially result in adverse side effects and 33 

toxicities when a patient takes more than one drug concurrently [2]. In many cases, 34 

DDIs are hardly detected during clinical trial phase and arbitrary co-prescription of 35 

drugs without prior knowledge potentially poses a serious threat to patient health and 36 

life [3]. To reduce the risk of potential side effects, we need to check in advance whether 37 

two co-prescribed drugs interact. DDIs could be identified via in vitro, in vivo 38 

experiments and in silico computational methods. The two former approaches are very 39 

costly and are in some cases impossible to be carried out, because DDIs could elicit 40 

serious side effects in in vitro or in vivo experiments [4]. With the advances of 41 

pharmacogenomics, recent years have witnessed much progress in developing in silico 42 

computational methods to predict DDIs and their effects. 43 

  Existing computational methods could be roughly classified into three categories, i.e. 44 

similarity-based methods [5-8], networks-based methods [9-13] and machine learning 45 

methods [14-22]. Similarity-based methods directly calculate similarity scores between 46 

drug profiles to infer DDIs. Vilar et al. [5] review several drug profiles that have been 47 

used to infer drug repurposing, adverse effects detection and drug–drug interactions, 48 

e.g. pharmaceutical profiles, gene expression profiles and phenome profiles. Among 49 
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these profiles, drug structural profile could be well interpreted on the assumption that 50 

structurally similar drugs tend to target related genes to produce some biological effects 51 

[6]. Besides drug profiles, similarity metric is the second major concern in similarity-52 

based methods. Ferdousi et al. [7] compare a dozen of similarity metrics (e.g. inner 53 

product, Jaccard similarity, Russell-Rao similarity, Tanimoto coefficient) on drug 54 

target profiles and select the optimum measure to infer DDIs. Similarity-based methods 55 

have the merit of simple and intuitive interpretation, but the major disadvantage is that 56 

these methods cannot resist noise because the thresholding of similarity scores would 57 

be seriously affected by potential false DDIs. Networks-based methods could be further 58 

divided into two categories, i.e. drug similarity networks-based methods [9-11] and 59 

protein-protein interaction (PPI) networks-based methods [12, 13]. The former category 60 

of methods first constructs drug-drug similarity networks via a variety of drug similarity 61 

metrics and then predicts novel links/DDIs via networks inference, e.g. matrix 62 

factorization [9, 10], block coordinate descent optimization [11]. These methods, 63 

together with the similarity-based methods [5-8], focus on using drug structural 64 

similarities to infer DDIs. Actually, drug-drug interactions often refer to the biological 65 

events that two co-prescribed drugs influence or alter each other’s therapeutic effects 66 

when they take actions on common genes or associated signaling pathways [7]. In this 67 

sense, mechanism information is more rational to infer DDIs than drug structural 68 

similarity, especially for the prediction of interactions between two structurally 69 

dissimilar drugs. Comparatively, the PPI networks-based methods [12, 13] could detect 70 

any pair of drugs that simultaneously act on associated genes to produce unexpected 71 

effects and thus gain a large coverage of DDIs with less bias. Park et al. [12] assume 72 

that DDIs are caused by close interference on common genes or associated genes within 73 

the same pathways as well as distant interference through cross-talking pathways, based 74 
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on which to capture distant interference via random walk algorithm on PPI networks. 75 

Huang et al. [13] also consider drug actions in the context of PPI networks and define 76 

the target genes together with their neighboring genes in PPI networks as a target-77 

centred system for each drug, based on which the authors propose a S-score to measure 78 

the similarity between two drugs’ target-centered systems. PPI networks-based 79 

methods have the merit of capturing the mechanism of drug actions but are restricted 80 

by the incompleteness of physical PPI networks. 81 

In the last decades, machine learning has attracted increasing attention in inferring 82 

drug-drug interactions [14-22]. Most of the machine learning methods focus on data 83 

integration to increase the accuracy of DDI prediction. Data integration refers to 84 

capturing multiple aspects of a single data source or combining more than one data 85 

source. For instance, Dhami et al. [14] explore heterogeneous similarities between drug 86 

structures from SMILES representation of drugs (i.e. molecular feature similarity, 87 

string similarity, molecular fingerprint similarity and molecular access system), while 88 

the other methods focus on integrating multiple data sources. Among the features, drug 89 

chemical structural data are the most frequently used [14-21] and are often combined 90 

with other data to predict DDIs, e.g. drug adverse drug reactions (ADR) [15-17, 20-21], 91 

target similarity [15-17, 19-21], PPI networks [20, 21] and signaling pathways [16]. 92 

From methodological point of view, the existing machine learning approaches used to 93 

implement data integration majorly include ensemble learning [15, 16], kernel method 94 

[14, 17] and deep learning [18, 19]. Data integration is effective to combine multiple 95 

data sources or to capture multiple aspects of a single data source. Nevertheless, the 96 

performance improvement is often achieved at the cost of model complexity. The 97 

existing studies do not reveal which feature information is dispensable and contributes 98 

most to DDI prediction and which features are actually less informative. More 99 
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importantly, data integration imposes intensively demanding constraints on data that 100 

are potentially not simultaneously available (e.g. drug and target structures). 101 

Comparatively, single data source could reduce model complexity and achieve good 102 

interpretability. For instance, Karim et al. [22] use deep neural networks to 103 

automatically learn feature representation from the available DDI networks alone to 104 

predict novel DDIs. In addition, some inherent mechanisms surely exist behind drug-105 

drug interactions, e.g. common drug-targeted genes and cross-talks between drug-106 

targeted signaling pathways [23]. The underlying DDI mechanisms are often ignored 107 

by the existing machine learning methods that focus on drug molecular information 108 

itself. 109 

  In this study, we propose a DDI mechanisms based computational framework 110 

without the need of drug structural or ADR similarity information. In this framework, 111 

we assume that a drug alters other drugs’ therapeutic effects through the associations 112 

between their targeted genes or signaling pathways and drug structural similarity is not 113 

indispensable for drug-drug interactions. We depict each drug using a drug target 114 

profile derived from DrugBank [24]. The profile is actually a binary vector with each 115 

element indicating the presence or absence of a gene. The target profiles of two drugs 116 

are simply combined as feature vector to depict the drug pair. We extract the known 117 

DDIs from DrugBank [24] as positive training data and randomly sample drug pairs as 118 

negative training data to train a l2-regularized logistic regression model. The model is 119 

evaluated via cross validation on the training data and independent test on external data 120 

from the comprehensive database [25]. Lastly, we further conduct mechanism analyses 121 

of the known and the predicted DDIs for further biomedical research. 122 
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Data and methods 123 

Data 124 

The known drug-drug interactions (DDI) and drug-target interactions (DTI) are 125 

extracted from DrugBank [24]. As we use drug target profile to depict drugs and 126 

represent drug pairs, only the drugs that target at least one human gene are studied in 127 

this work. As such, we extract 6066 drugs and 2940 human target genes from DrugBank 128 

[24]. As results, we totally obtain 915,413 DDIs as the positive training data and obtain 129 

23,169 drug-gene interaction pairs to construct feature vectors representing drug pairs. 130 

From the 6066 drugs, we randomly sample 915,413 drug pairs disjoint with the positive 131 

training data as the negative training data. 132 

  The comprehensive database [25] has curated a large number of DDIs from 133 

experiments and text mining. After removing the DDIs that already exist in DrugBank 134 

[24], we totally obtain 13 independent datasets, e.g. 8188, 2003 and 37 DDIs from 135 

KEGG [26], OSCAR [27] (https://oscar-emr.com/) and VA NDF-RT [28], respectively. 136 

These datasets are used as positive independent test data. To estimate the risk of model 137 

bias, we randomly sample 8188 drug pairs as negative independent test data, which are 138 

disjoint with the training data and the positive independent test data. 139 

  To study the underlying molecular mechanisms associated with drug-drug 140 

interactions, we construct human physical protein-protein interaction (PPI) networks 141 

from HPRD [29], BioGRID [30], IntAct [31] and HitPredict [32]. We totally obtain 142 

171,249 human physical PPIs. In addition, we obtain 27 human immune signaling 143 

pathways from NetPath [33], in which IL1~IL11 are merged into one single pathway 144 

for simplicity. From Reactome [34], 1846 human signaling pathways are extracted. 145 

https://oscar-emr.com/
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Drug target profile-based feature construction 146 

In this study, we investigate drug-drug interactions from the aspect of genes that two 147 

drugs act on. For each drug 𝑑𝑖 in the DDI-associated drug set 𝐷, the human gene set 148 

targeted by 𝑑𝑖 is assumed to be 𝐺𝑑𝑖. The entire target gene set is defined as follows.  149 𝐺 = ∪  𝐺𝑑𝑖𝑑𝑖∈𝐷                                                       (1) 150 

For each drug 𝑑𝑖, its target profile is formally defined as follows. 151 

𝑉𝑑𝑖[𝑔] = {1, 𝑔 ∈  𝐺𝑑𝑖⋀𝑔 ∈ 𝐺0, 𝑔 ∉  𝐺𝑑𝑖⋀𝑔 ∈ 𝐺                                          (2) 152 

Then the feature vector of a drug pair (𝑑𝑖, 𝑑𝑗) is represented by combining the target 153 

profile of 𝑑𝑖 and 𝑑𝑗 as follows. 154 𝑉(𝑑𝑖,𝑑𝑗)[𝑔] = 𝑉𝑑𝑖[𝑔] + 𝑉𝑑𝑗[𝑔], 𝑔 ∈ 𝐺                                    (3)  155 

The genes 𝑔 ∉ 𝐺 are discarded. The simple feature representation as described by 156 

Formula (3) could intuitively reveal the co-occurrence of common target genes together 157 

with unique presence of some target genes between two drugs. 158 

L2-regularized logistic regression as base learner 159 

We adopt l2-regularized logistic regression [35] as base learner because it could fast fit 160 

large training data and penalize potential overtraining. Given training data x and labels 161 

y consisting of instance-label pairs (𝑥𝑖, 𝑦𝑖), 𝑖 = 1,2, . . . , 𝑙; 𝑥𝑖 ∈ 𝑅𝑛; 𝑦𝑖 ∈ {−1, +1}, the 162 

decision function of logistic regression is defined as 𝑓(𝑥) = 11+𝑒𝑥𝑝(−𝑦𝜔𝑇𝑥) . L2-163 

regularized logistic regression derives weight vector 𝜔  via solving the following 164 

prime optimization problem. 165 𝑚𝑖𝑛𝜔 12 𝜔𝑇𝜔 + 𝐶 ∑ 𝑙𝑜𝑔( 1 + 𝑒−𝑦𝑖𝜔𝑇𝑥𝑖)𝑙𝑖=1                                 (4)  166 
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where 𝐶 denotes the penalty parameter/regularizer and the second term penalizes 167 

potential noise/outlier or overtraining. The optimization problem (4) is solved via its 168 

dual form. 169 𝑚𝑖𝑛𝛼 12 𝛼𝑇𝑄𝛼 + ∑ 𝛼𝑖𝑙𝑜𝑔𝛼𝑖 + ∑ (𝐶 − 𝛼𝑖)𝑙𝑜𝑔(𝐶 − 𝛼𝑖) − ∑ 𝐶𝑙𝑜𝑔𝐶𝑙𝑖𝑖:𝛼𝑖<𝐶𝑙𝑖:𝛼𝑖>0     (5) 170 𝑠. 𝑡.  0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, … , 𝑙                                           171 

where 𝛼𝑖  denotes Lagrangian operator and  𝑄𝑖𝑗 = 𝑦𝑖𝑦𝑗𝑥𝑖𝑇𝑥𝑗 . To simplify the 172 

parameter tuning, the regularizer C as defined in Formula (4) is chosen within the set 173 {2𝑖| − 16 ≤ 𝑖 ≤ 16, 𝑖 ∈ 𝐼}, where I denotes the integer set. 174 

Model evaluation and DDI mechanism metrics 175 

Binary classification metrics 176 

We adopt five frequently-used performance metrics to evaluate the model performance, 177 

i.e. Receiver Operating Characteristic curve AUC (ROC-AUC), sensitivity (SE), 178 

precision (PR), Matthews correlation coefficient (MCC), Accuracy and F1 score. ROC-179 

AUC is calculated from the decision values produced by𝑓(𝑥). The other metrics are 180 

calculated via a confusion matrix M, whose element 𝑀𝑖,𝑗 records the counts that class 181 

i are classified to class j. From M, several intermediate variables are defined first as 182 

Formula (6). Then the label-specific PRl, SEl and MCCl for each label are further 183 

defined by Formula (7). The overall accuracy and MCC are defined by Formula (8). 184 

𝑝𝑙 = 𝑀𝑙,𝑙, 𝑞𝑙 = ∑ ∑ 𝑀𝑖,𝑗𝐿
𝑗=1,𝑗≠𝑙

𝐿
𝑖=1,𝑖≠𝑙 , 𝑟𝑙 = ∑ 𝑀𝑖,𝑙,𝐿

𝑖=1,𝑖≠𝑙 𝑠𝑙 = ∑ 𝑀𝑙,𝑗𝐿
𝑗=1,𝑗≠𝑙  186 

𝑝 = ∑ 𝑝𝑙𝐿𝑙=1 , 𝑞 = ∑ 𝑞𝑙𝐿𝑙=1 , 𝑟 = ∑ 𝑟𝑙𝐿𝑙=1 , 𝑠 = ∑ 𝑠𝑙𝐿𝑙=1                        (6) 185 

𝑃𝑅𝑙 = 𝑝𝑙𝑝𝑙 + 𝑟𝑙 , 𝑙 = 1,2. . . , 𝐿 187 

𝑆𝐸𝑙 = 𝑝𝑙𝑝𝑙 + 𝑠𝑙 , 𝑙 = 1,2. . . , 𝐿 188 
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𝑀𝐶𝐶𝑙 = (𝑝𝑙𝑞𝑙−𝑟𝑙𝑠𝑙)√(𝑝𝑙+𝑟𝑙)(𝑝𝑙+𝑠𝑙)(𝑞𝑙+𝑟𝑙)(𝑞𝑙+𝑠𝑙) , 𝑙 = 1,2. . . , 𝐿                         (7) 189 

𝐴𝑐𝑐 = ∑ 𝑀𝑙,𝑙𝐿𝑙=1∑ ∑ 𝑀𝑖,𝑗𝐿𝑗=1𝐿𝑖=1  191 

𝑀𝐶𝐶 = (𝑝𝑞−𝑟𝑠)√(𝑝+𝑟)(𝑝+𝑠)(𝑞+𝑟)(𝑞+𝑠)                                        (8) 190 

where L denotes the number of labels and assumes 2 in this study. F1 score is defined 192 

as follows. 193 𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2×𝑃𝑅𝑙×𝑆𝐸𝑙𝑃𝑅𝑙+𝑆𝐸𝑙 , 𝑙 = 1 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑙𝑎𝑠𝑠           (9) 194 

DDI mechanism metrics 195 

Targeting common genes is one important way that a drug alters other drugs’ 196 

therapeutic effects to result in drug-drug interactions. We use Jaccard index to measure 197 

the intensity that two drugs interact. For a drug pair (𝑑𝑖, 𝑑𝑗), the Jaccard index between 198 

them is defined as follows. 199 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑑𝑖, 𝑑𝑗) = | 𝐺𝑑𝑖∩ 𝐺𝑑𝑗|| 𝐺𝑑𝑖∪ 𝐺𝑑𝑗|                                         (10) 200 

where  𝐺𝑑𝑖  and  𝐺𝑑𝑗  denote the target gene set of 𝑑𝑖  and 𝑑𝑗, respectively. Given a 201 

threshold 𝜉, we further estimate the percentage of drug pairs whose Jaccard indices 202 

exceed 𝜉 as follows. 203 𝑆𝑖𝑚𝑈 = |{(𝑑𝑖,𝑑𝑗)|𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑑𝑖,𝑑𝑗)≥𝜉,(𝑑𝑖,𝑑𝑗)∈𝑈}||𝑈|                                (11) 204 

where 𝑈 denotes the set of drug pairs and 𝑆𝑖𝑚𝑈 measures the similarities within the 205 

set of drug pairs 𝑈 . If 𝜉 =  𝑚𝑖𝑛∀(𝑑𝑖,𝑑𝑗)∈𝑈 1| 𝐺𝑑𝑖∪ 𝐺𝑑𝑗| , then 𝑆𝑖𝑚𝑈 measures the 206 

percentage of drug pairs that target at least one common gene. 207 

  Two drugs also potentially interact through target genes that communicate via 208 

physical paths in human PPI networks. Given a gene pair (𝑔𝑖, 𝑔𝑗), we use breadth-first 209 

graph search algorithm to obtain all the physical paths between 𝑔𝑖 and 𝑔𝑗  from 210 
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human PPI networks, denotes as 𝑃(𝑔𝑖,𝑔𝑗). The length of the shortest path and longest 211 

path within 𝑃(𝑔𝑖,𝑔𝑗) is denoted as 𝑆(𝑔𝑖,𝑔𝑗) and 𝐿(𝑔𝑖,𝑔𝑗), respectively. Then the average 212 

number of paths 𝐴𝑣𝑔(𝑑𝑖,𝑑𝑗) , the shortest path length  𝑆(𝑑𝑖,𝑑𝑗)  and the longest path 213 

length 𝐿(𝑑𝑖,𝑑𝑗) between drug 𝑑𝑖 and 𝑑𝑗 are defined as follows. 214 

𝐴𝑣𝑔(𝑑𝑖,𝑑𝑗) = ∑ | 𝑃(𝑔𝑖,𝑔𝑗)|(𝑔𝑖,𝑔𝑗),𝑔𝑖∈ 𝐺𝑑𝑖⋀𝑔𝑗∈ 𝐺𝑑𝑗|{(𝑔𝑖,𝑔𝑗)|𝑔𝑖∈ 𝐺𝑑𝑖⋀𝑔𝑗∈ 𝐺𝑑𝑗}|   215 

𝑆(𝑑𝑖,𝑑𝑗) =  𝑚𝑖𝑛∀(𝑔𝑖,𝑔𝑗),𝑔𝑖∈ 𝐺𝑑𝑖⋀𝑔𝑗∈ 𝐺𝑑𝑗  𝑆(𝑔𝑖,𝑔𝑗) 216 

𝐿(𝑑𝑖,𝑑𝑗) =  𝑚𝑎𝑥∀(𝑔𝑖,𝑔𝑗),𝑔𝑖∈ 𝐺𝑑𝑖⋀𝑔𝑗∈ 𝐺𝑑𝑗  𝐿(𝑔𝑖,𝑔𝑗)                          (12) 217 

These three metrics could measure the communication intensities between two drugs’ 218 

target genes. Especially, 𝑆(𝑑𝑖,𝑑𝑗) = 0 indicates that there exist common target genes 219 

between drug 𝑑𝑖 and 𝑑𝑗, and 𝐴𝑣𝑔(𝑑𝑖,𝑑𝑗) = 0 indicates that no paths exist between the 220 

target genes of drug 𝑑𝑖 and 𝑑𝑗. 221 

Results  222 

Performance of cross validation and independent test 223 

The ROC curve of 5-fold cross validation is illustrated in Figure 1A. The performance 224 

is fairly encouraging with ROC-AUC score equal to 0.9877. The other metrics for 5-225 

fold cross validation are provided in Table 1. The metrics of SP, SE and MCC show 226 

that the proposed framework shows little bias between the positive and negative classes, 227 

e.g. 0.9538 and 0.9394 SE on the positive and negative class, respectively. The overall 228 

MMC is up to 0.8983. These results show that simple drug target profile is sufficient to 229 

separate interacting drug pairs from non-interacting drug pairs with a high accuracy 230 

(Acc=94.66%). Exploration of target genes that two drugs act on helps to clearly 231 

unravel molecular mechanisms behind drug-drug interactions and reduce the 232 
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information chaos resulting from integration of heterogeneous data. Especially, the 233 

information of drug molecule structure is not indispensable and the less informative or 234 

irrelevant information would not be introduced into the proposed framework. 235 

  To estimate how well the proposed framework generalizes to unseen examples, we 236 

further conduct independent test on 13 external DDI datasets and one negative 237 

independent test data that are disjoint with the training data. The independent test data 238 

sizes are illustrated in Figure 1B varying from 8188 to 3. The recall rates are illustrated 239 

in Figure 1C. All the independent test data achieve no lower than 0.8 recall rate except 240 

“DDI Corpus 2013”. For instance, the proposed framework correctly recognizes 241 

94.97%, 89.92% and 97.30% of the experimental DDIs from KEGG [26], OSCAR [27] 242 

and VA NDF-RT [28], respectively (see Table 1). In addition, the proposed framework 243 

achieves 0.9373 recall rate on the negative independent test data, indicating a low risk 244 

of model bias. The independent test performance shows that the proposed framework 245 

trained via simple drug target profile could well generalize to unseen DDIs and 246 

meanwhile indicate that the encouraging cross validation performance does not result 247 

from overtraining. 248 

Molecular mechanism analyses of drug-drug interactions 249 

Jaccard index between two drugs. The overlap between two drugs’ target genes 250 

measured via Formula (11) could reveal some common molecular mechanisms that the 251 

drugs take effect. The comparison of Jaccard index between the positive training data 252 

and the negative training data is illustrated in Figure 1. The threshold of Jaccard index 253 

assumes𝜉 =  𝑚𝑖𝑛∀(𝑑𝑖,𝑑𝑗)∈𝑈 1| 𝐺𝑑𝑖∪ 𝐺𝑑𝑗|  and 𝜉 = 0.5  in Figure 2A and Figure 2B, 254 

respectively. The results show that interacting drugs tend to target more common genes. 255 
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  Average number of paths between two drugs. The statistics of paths between two 256 

drugs’ target genes in PPI networks measured via Formula (12) could reveal the 257 

interaction intensity and efficiency between drugs. To reduce the time of paths search, 258 

we only randomly choose 9692 interacting drug pairs and 9692 non-interacting drug 259 

pairs for molecular mechanism analyses. The average number of paths of top twenty 260 

drug pairs are illustrated in Figure 3A. We can see that interacting drug pairs have more 261 

paths between target genes than non-interacting drug pairs, indicating that heavy 262 

communication traffic between two drugs’ target genes tends to cause drug-drug 263 

interactions. Additionally, there are fewer interacting drug pairs that no paths exist 264 

between their target genes than non-interacting drug pairs as shown in Figure 3B.  265 

Shortest path length between two drugs. Computational results show that the length 266 

of shortest paths between two drugs’ target genes ranges from 0 to 5. The statistics of 267 

shortest path length between two drugs is illustrated in Figure 3C. We can see that 268 

interacting drug pairs significantly outnumber non-interacting drug pairs in the case that 269 

the shortest path length is equal to 0 (i.e. common target genes). With the increase of 270 

shortest path length, non-interacting drug pairs gradually outnumber interacting drug 271 

pairs. These results show that common target genes or target genes communicating via 272 

shorter shortest physical paths tend to cause drug-drug interactions. 273 

  Longest path length between two drugs. Computational results show that the length 274 

of longest paths between two drugs’ target genes ranges from 0 to 8. As shown in Figure 275 

3D, non-interacting drug pairs outnumber interacting drug pairs when the longest path 276 

ranges from 3 to 5, but conversely interacting drug pairs significantly outnumber non-277 

interacting drug pairs when the longest path length equals to 6. These results to some 278 

extent show that interacting drugs potentially act on each other via a long range of effect 279 

propagation. The metrics 𝐴𝑣𝑔(𝑑𝑖,𝑑𝑗), 𝑆(𝑑𝑖,𝑑𝑗) and 𝐿(𝑑𝑖,𝑑𝑗) as defined in Formula (12) 280 
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could measure the tendency of drug-drug interaction from the aspects of interaction 281 

intensity, interaction efficacy and action range. The shortest path length equal to 0 and 282 

the longest path length equal to 6 are the best indicators to distinguish between 283 

interacting drug pairs and non-interacting drug pairs. 284 

  Common target pathways between two drugs. We map the target genes onto NetPath 285 

[33] and Reactome [34] signaling pathways to gain knowledge about the number of 286 

common target pathways between two drugs. Computational results show that 287 

interacting drug pairs tend to target more common signaling pathways than non- 288 

interacting drug pairs (see Figure 4A for NetPath pathways and Figure 4B for Reactome 289 

pathways). Targeting genes located at the same signaling pathways helps to induce 290 

synergistic or antagonistic effects of one drug to other drugs. 291 

  Common cellular processes between two drugs. Similar to the statistics of common 292 

target pathways, the target genes of two interacting drugs are more likely to be involved 293 

in common cellular processes than those of two non-interacting drugs (see Figure 4C). 294 

This phenomenon is easily interpreted. Two drugs that target genes participating 295 

common cellular processes more likely alter each other’s therapeutic effects.  296 

Comparison with existing methods 297 

The fundamental difference between this proposed framework and existing methods is 298 

that this framework assumes the reactions between target genes of two drugs to be the 299 

major driving factor causing drug-drug interactions, while existing methods majorly 300 

focus on inferring drug-drug interactions from drug structural similarities. From 301 

computational point of view, this framework only uses simple representation of drug 302 

target profiles to depict drug pairs so that the model is easy to interpret and the model 303 

complexity is under control. However, existing methods integrate multiple 304 

heterogeneous data so that we do not know which data is informative and how much 305 
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the data contributes to the performance. More importantly, the model complexity is 306 

increased and the model is hard to interpret. 307 

  From quantitative point of view, we compare this proposed framework with seven 308 

existing methods in terms of performance as provided in Table 2. Existing methods 309 

generally achieve ROC-AUC scores except Cheng et al. [15] (ROC-AUC=0.67). 310 

Nevertheless, these methods generally show imbalanced performance on the positive 311 

and negative class. For instance, Vilar et al. [6] use drug structure profile to infer drug-312 

drug interactions but shows extreme bias towards the negative class (e.g. SE 0.68 and 313 

0.96 for the positive and negative class, respectively). Zhang et al. [16] integrate 314 

heterogeneous data of drug substructures, drug targets, drug enzymes, drug transporters, 315 

drug pathways, drug indications and drug side-effects data, achieving encouraging 316 

performance (ROC-AUC score=0.957, PR=0.785, SE=0.670) but only recognizing 7 317 

out of 20 predicted DDIs (equivalent to 35% recall rate of independent test) . Similarly, 318 

Gottlieb et al. [20] achieve fairly good performance of cross validation but achieve only 319 

53% recall rate of independent test. 320 

  Deep learning has been used to predict effects or types of drug-drug interaction [18, 321 

19]. Karim et al. [22] use deep learning to learn the representation of DDI networks 322 

structures and predict novel DDIs. This method also achieves satisfactory performance 323 

(ROC-AUC score=0.97, MCC=0.79, F1 score=0.91) but is hard to interpret from the 324 

molecular action mechanisms between two drugs. Comparing Table 1 and Table 2, we 325 

can see that this proposed framework also outperforms existing methods in terms of 326 

performance. 327 

Predictions and clinical implications 328 

We randomly sample 99,986 drug pairs disjoint with the training data and independent 329 

test data as prediction set. The proposed framework predicts 43,719 drug pairs to 330 
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interact (see Supplementary file S1). These predictions potentially contain a certain 331 

level of false interactions. As each prediction is provided with a probability of 332 

confidence level, a higher threshold (e.g. 0.7) could be used to filter out those predicted 333 

weak interactions. For the predicted DDIs, we further analyse the common cellular 334 

processes (see Supplementary file S2) and common signaling pathways (see 335 

Supplementary file S3) that the drug target genes are involved in. These analyses help 336 

us to understand the underlying mechanisms behind drug-drug interactions. As a case 337 

study, we analyse the predicted interaction between drug Nabiximols and Glucosamine 338 

from the aspects of common cellular processes and signaling pathways. 339 

Case study on predicted drug-drug interaction (Nabiximols, Glucosamine) 340 

Nabiximols (C42H60O4) extracted from Cannabis sativa L. is used for the treatment of 341 

neuropathic pain from Multiple Sclerosis and for intractable cancer pain, with the 342 

pharmacological effects of analgesic, muscle relaxant, anxiolytic, neuroprotective and 343 

anti-psychotic activity (https://www.drugbank.ca/drugs/DB14011). Glucosamine 344 

(C6H13NO5), as a precursor for glycosaminoglycans that are a major component of joint 345 

cartilage, is commonly used to rebuild cartilage and treat osteoarthritis 346 

(https://www.drugbank.ca/drugs/DB01296). According to DrugBank [24], Nabiximols 347 

targets 57 human genes and Glucosamine targets 6 human genes. We further analyse 348 

the common cellular processes and signaling pathways that the two drugs’ target genes 349 

get involved in. 350 

Common cellular processes between Nabiximols and Glucosamine. Computational 351 

results show that there are 68 common cellular processes that the target genes of 352 

Nabiximols and Glucosamine are involved in. For clarity, we only illustrate 21 cellular 353 

processes and their associated target genes in Figure 5 and the rest cellular processes 354 

are provided in Supplementary file S2. Two drugs mediate common cellular processes 355 

https://www.drugbank.ca/drugs/DB14011
https://www.drugbank.ca/drugs/DB01296
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via common target genes or two associated target genes involved in the same cellular 356 

processes. As shown in Figure 5, Nabiximols and Glucosamine mediate the common 357 

cellular processes of exogenous drug catabolic process (GO:0042738) and drug 358 

metabolic process (GO:0017144) via the common gene CYP2C19. In addition, 359 

Nabiximols and Glucosamine mediate the common cellular processes of negative 360 

regulation of smooth muscle cell proliferation (GO:0048662) via Nabiximols target 361 

gene PPARG and Glucosamine target gene IFNG. Take another example, Nabiximols 362 

and Glucosamine mediate the common cellular processes of regulation of reactive 363 

oxygen species (ROS) metabolic process (GO:2000377) via Nabiximols target gene 364 

CYP1B1 and Glucosamine target gene TNF. Association via different target genes is 365 

one major way of two drugs mediating common cellular processes, which potentially 366 

leads to synergistic or antagonistic drug-drug interactions. The proposed framework 367 

predicts many DDIs that target no common genes but mediate common cellular 368 

processes via different target genes (see Supplementary file S2). For instance, drug 369 

Nabiximols (DB14011) and Gallium nitrate (DB05260) are not found to target common 370 

human genes at present, but they are predicted to target the common cellular processes 371 

of neutrophil chemotaxis (GO:0030593), positive regulation of NF-kappaB 372 

transcription factor activity (GO:0051092), etc. 373 

Common signaling pathways between Nabiximols and Glucosamine. The common 374 

Reactome signaling pathways that Nabiximols and Glucosamine mediate via common 375 

or associated target genes are illustrated in Figure 6. Among the target genes, the 376 

common target gene CYP2C19 is associated with four Reactome signaling pathways, 377 

i.e. Synthesis of epoxy (EET) and dihydroxyeicosatrienoic acids (DHET) (R-HSA-378 

2142670), Xenobiotics (R-HSA-211981), CYP2E1 reactions (R-HSA-211999) and 379 

Synthesis of (16-20)-hydroxyeicosatetraenoic acids (HETE) (R-HSA-2142816). 380 
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Nabiximols and Glucosamine mediate the common signaling pathway of Neutrophil 381 

degranulation (R-HSA-6798695) via Nabiximols target gene ALOX5 and Glucosamine 382 

target gene MMP9. Mediation of common signaling pathways also potentially leads to 383 

drug-drug interactions. Two drugs that do not target common human genes also 384 

potentially mediate the same signaling pathways (see Supplementary file S3). For 385 

instance, drug Nabiximols (DB14011) and SF1126 (DB05210) have not been reported 386 

to target common human genes, but they are predicted to mediate some common 387 

signaling pathways, e.g. Regulation of PTEN gene transcription (R-HSA-8943724), 388 

Interleukin-4 and Interleukin-13 signaling (R-HSA-6785807), G alpha (q) signaling 389 

events (R-HSA-416476). 390 

Discussion 391 

Drug-drug interactions are usually detected and reported only after co-prescribed drugs 392 

have clinically done damages to patient health and life. We need resort to computational 393 

methods to predict whether two drugs interact before clinical co-prescription to reduce 394 

potential risk of side effects. Existing methods generally explore multiple 395 

heterogeneous data sources via data integration to increase model performance. The 396 

major drawback of these methods lies in the high complexity of model and data. In 397 

these methods, we do not know which information contributes to the model 398 

performance and interprets the molecular mechanisms behind drug-drug interactions. 399 

Among the heterogeneous data, existing methods heavily depend on drug structures 400 

with the assumption that structurally similar drugs take into similar therapeutic effects. 401 

This assumption surely captures a fraction of drug-drug interactions but shows bias, 402 

because it ignores a large fraction of interactions between structurally dissimilar drugs. 403 
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Furthermore, data integration would fail when required data are not available, e.g. drug 404 

structures, drug side-effects, clinical records. 405 

In this study, we propose a simple representation of drug target profiles to depict drug 406 

pairs, based on which to train an l2-regularized logistic regression model for DDI 407 

prediction. As compared to the existing methods, this proposed method could directly 408 

interpret the molecular mechanisms behind drug-drug interactions via the association 409 

and action between two drugs’ target genes in the context of protein-protein interactions 410 

(PPI) networks and signaling pathways. We use the known drug-drug interactions from 411 

DrugBank as the positive training data and randomly sample the same size drug pairs 412 

as the negative training data to train an l2-regualrized logistic regression model. 413 

Computational results show that the proposed framework achieves fairly encouraging 414 

performance of cross validation and outperforms the existing methods. Furthermore, 415 

the proposed framework demonstrates fairly good performance of independent test on 416 

thirteen external DDI datasets. The encouraging performance on the randomly sampled 417 

negative independent test data demonstrates no bias towards the positive class. 418 

However, the proposed framework demonstrates a little large fraction of false 419 

interactions on the prediction set. This result is largely due to the quality of randomly 420 

sampled negative training data. Lack of experimentally verified non-interacting drug 421 

pairs is a major concern to be addressed in computational modelling. Here we adopt a 422 

higher threshold of probability to filter out the weak predictions. 423 

In addition, we develop three statistical metrics to measure the communication 424 

intensity, interaction efficacy and action range between two drugs. These metrics help 425 

us to understand the statistical characteristic of the paths between two drugs’ target 426 

genes in human PPI networks. In addition, we use common cellular processes and 427 

signaling pathways between two drugs to understand the mechanisms behind drug-drug 428 
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interactions. The unravelled mechanisms provide biological insights into potential 429 

pharmacological risks of known DDIs and drug target genes. 430 

Conclusions  431 

Integration of heterogeneous data is not indispensable for drug-drug interaction 432 

prediction. Simple representation of drug target profile alone achieves encouraging 433 

model performance that outperforms existing methods with intuitive elucidation of 434 

molecular mechanisms of drug-drug interactions. 435 
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Figure 1 Performance of cross validation and independent test. A. ROC 583 

curve and AUC score for 5-fold cross validation. B. Statistics of independent 584 

test data size. C. Recall rates on the independent test data. 585 
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Figure 2 Statistics of common target genes between interacting and non-618 

interacting drugs. 619 
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Figure 3 The statistics of average number of paths, shortest path lengths 662 

and longest path lengths between two drugs. 663 
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Figure 4 Statistics of common signaling pathways that two drugs target 697 

and common cellular processes that two drugs are involved in. 698 
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Figure 5 Common cellular processes of target genes between 732 

DB14011|Nabiximols and DB01296|Glucosamine predicted to interact. 733 

Red triangle nodes denote drugs; green circle nodes denote drug target genes; 734 

light red circle nodes denote common target genes; and yellow diamond nodes 735 

denote biological processes of gene ontology. 736 
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Figure 6 Common target Reactome signaling pathways between 756 

DB14011|Nabiximols and DB01296|Glucosamine predicted to interact. 757 

Red triangle nodes denote drugs; green circle nodes denote drug target genes; 758 

light red circle nodes denote common target genes; and blue hexagon nodes 759 

denote Reactome signaling pathways. 760 
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Table 1 Performance estimation of 5-fold cross validation and 776 

independent test. 777 

 778 

 779 

 780 

 781 

 782 

 783 

 784 

 785 

 786 

 787 

 788 

 789 

 790 

 791 

 792 

 793 

 794 

 795 

 796 

 797 

Cross validation Independent test (recall rate) 

PR SE MCC Acc MCC* AUC F1 score KEGG OSCAR VA NDF-RT Negative 

0.9402(+) 

0.9531(-) 

0.9538(+) 

0.9394(-) 

0.8985(+) 

0.8983(-) 
94.66% 0.8983 0.9877 0.9470 0.9497 0.8992 0.9730 0.9373 

Note: + denotes positive class, - denotes negative class and MCC* denotes overall MCC. 
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Table 2 Performance comparisons with existing methods. 798 

 799 

 
Cross validation 

Independent test 
PR SE MCC F1 score ROC-AUC 

Vilar et al. [6] 
0.26 (+) 

11.81(-) 

0.68 (+) 

0.96(-) 
- - 0.92 31% 

Ferdousi et al. [7] - 0.72(+) - - - - 

Cheng et al. [15] - - - - 0.67 - 

Zhang et al. [16] 0.785 0.670 - 0.723 0.957 35% 

Song et al. [17] 0.68 (+) - - - 0.9738 24% 

Gottlieb et al. [20] 0.88 0.93 - - 0.96 53% 

Karim et al. [22] - - 0.79 0.91 0.97 - 

Note: + denotes positive class and - denotes negative class. 



Figures

Figure 1

Performance of cross validation and independent test. A. ROC curve and AUC score for 5-fold cross
validation. B. Statistics of independent test data size. C. Recall rates on the independent test data.

Figure 2

Statistics of common target genes between interacting and non-interacting drugs.



Figure 3

The statistics of average number of paths, shortest path lengths and longest path lengths between two
drugs.

Figure 4



Statistics of common signaling pathways that two drugs target and common cellular processes that two
drugs are involved in.

Figure 5

Common cellular processes of target genes between DB14011|Nabiximols and DB01296|Glucosamine
predicted to interact. Red triangle nodes denote drugs; green circle nodes denote drug target genes; light
red circle nodes denote common target genes; and yellow diamond nodes denote biological processes of
gene ontology.



Figure 6

Common target Reactome signaling pathways between DB14011|Nabiximols and DB01296|Glucosamine
predicted to interact. Red triangle nodes denote drugs; green circle nodes denote drug target genes; light
red circle nodes denote common target genes; and blue hexagon nodes denote Reactome signaling
pathways.
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